We develop an instrumental variable approach for identification of dynamic treatment effects on survival outcomes in the presence of dynamic selection, noncompliance, and right-censoring. The approach is nonparametric and does not require independence of observed and unobserved characteristics or separability assumptions. We propose estimation procedures and derive asymptotic properties. We apply our approach to evaluate a policy reform in which the pathway of unemployment benefits as a function of the unemployment duration is modified. Those who were unemployed at the reform date could choose between the old and the new regime. We find that the new regime has a positive average causal effect on the job finding rate.
groups in a dynamic setup. Finally, when the outcome of interest is a duration variable, identification might be hampered by right-censoring.
In this paper, we develop an instrumental variable (IV) approach for identification of dynamic treatment effects in the presence of dynamic selection, noncompliance, and rightcensoring. Our method is fully nonparametric, and we do not impose independence of observed and unobserved characteristics or separability in their effects on the outcome. We propose estimation procedures and derive their asymptotic properties.
At the core of our method is a dynamic potential outcomes framework. A treatment is assigned at some random elapsed duration of unemployment. The interest is in the effect of this treatment on posttreatment outcomes such as posttreatment unemployment duration. A major question in this setup is how to define a meaningful treatment effect. While the standard static literature defines those who are not observed to enroll in the treatment as nontreated, in a dynamic setting, this approach leads to conditioning on future successful outcomes (Sianesi, 2004) . 1 To avoid this problem, we follow much of the literature on dynamic treatment effects and focus on treatment effects on the subgroup of individuals who remain unemployed at least until the treatment (Sianesi, 2004; Vikström, 2014; van den Berg, Bozio, & Dias, 2014) .
Our main contribution is to extend the dynamic treatment evaluation framework to allow for endogenous noncompliance. Noncompliance has been largely ignored by the literature on dynamic treatment effects, despite the attention it has received in the static literature. We develop a dynamic concept of noncompliance that allows the individual to change preferences in an arbitrary way over time. The intuition is that whether an unemployed accepts to participate in a labor market program depends on her subjective probability of finding a job, and this probability might change with the elapsed duration of unemployment.
Our method relies on two major assumptions. The first one is exogenous variation in the timing of treatment assignment. As a motivation, consider a case worker who is responsible for a large pool of unemployed. Then, conditional on characteristics of the unemployed, the case worker might assign the order in which the unemployed are advised idiosyncratically (Sianesi, 2004) . Our strategy is also motivated by socalled phased-in experiments, in which randomly selected late recipients provide a control group for randomly selected early recipients (Duflo, Glennerster, & Kremer, 2007) . Finally, when a policy is administered at a single point in time, then the presence of cohorts who enter unemployment at U n c o r r e c t e d P r o o f 2 THE REVIEW OF ECONOMICS AND STATISTICS different times might also give rise to quasi-experimental variation in the time to treatment. The second one is a dynamic consistency assumption commonly referred to as "no anticipation" in the literature (Abbring & van den Berg, 2003) . This assumption requires that if two labor market treatments coincide up to a duration t, then the hazards of unemployment duration under the two treatments should be the same for each pretreatment duration. With forward-looking individuals, this may require that individuals do not anticipate the (time of) treatment or do not act on their knowledge. The no-anticipation assumption has been used throughout the literature on dynamic treatment effects (Crépon et al., 2009; Crepon et al., 2010; Vikström, 2014) . Moreover, it is an implicit assumption in some standard static approaches, such as the difference-in-difference (DiD) and the synthetic control approaches. It is also an implicit assumption in the phased-in experiments, where ignoring the time dimension effectively subsumes the no-anticipation assumption into the randomization assumption. Our paper puts phased-in experiments into a dynamic framework and makes the link to no anticipation explicit.
Our identification strategy consists of two steps: a dynamic and a static one. In the dynamic step, initial randomization of the assignment and no anticipation ensure that dynamic selection follows the same pattern for early and late treatment recipients at each pretreatment duration. 2 This allows for a comparison of treated and not-yet-treated individuals at the same elapsed duration of unemployment. In a second step, the assignment to treatment is used as an instrument for the endogenous enrollment into treatment. Information on observed compliance from the early recipients is used to identify the outcome distribution of late, not-yet-treated recipients.
With these two steps, our paper provides a link between the dynamic treatment evaluation literature (Vikström, 2014; Sianesi, 2004; Lechner, Miquel, & Wunsch, 2011; van den Berg et al., 2014) and the standard static local average treatment effects (LATE) literature (Imbens & Angrist, 1994; Imbens & Rubin, 1997) . Identification is local in the sense that at each point in time the effect is identified only for those who would comply at this particular time. The static notion of location is thus extended with a time component. The corresponding estimators can be viewed as dynamic Wald estimators. Moreover, in a setup where time to treatment in the control group approaches the time to treatment in the treatment, our method can be extended to a dynamic fuzzy regression discontinuity (RD) approach.
Our paper contributes to the literature on IV in survival analysis (Eberwein, Ham, & LaLonde, 1997; Robins & Tsiatis, 1991; Chesher, 2002; Bijwaard & Ridder, 2005; Bijwaard, 2009; Tchetgen et al., 2014) . Much of this literature is surveyed by Abbring & van den Berg (2005) . Typically these studies adopt a semiparametric or a paramet-2 Van den Berg et al. (2014) derive this result in a context with full compliance. We generalize their result to a setup with endogenous noncompliance. ric model structure. Our model, on the contrary, is fully nonparametric. Dynamic discrete choice models also deal with identification of dynamic treatment effects (Heckman & Navarro, 2007) . Contrary to our approach, those papers rely on period-specific exclusion restrictions, as well as on restrictive separability and identification-at-infinity assumptions. Our approach is also related to the literature on duration models with a mixed proportionate hazard (MPH) structure and time-varying covariates-in particular, to the important paper of Hausman and Woutersen (2014) . A thorough overview of this literature is provided in Hausman and Woutersen (2008) . Similar to our approach, identification in Hausman and Woutersen (2014) relies on variation in the time to treatment. The major difference is how dynamic selection is handled. While we handle dynamic selection by assuming no anticipation of the treatment, dynamic selection is modeled explicitly in Hausman and Woutersen (2014) through the semiparametric assumption on the hazard and in particular through a separability assumption on the unobserved heterogeneity. In addition, their rank estimator utilizes the monotonicity of the hazard function in the observed covariates X implied by a parametric assumption. Another paper that uses variation in the time to treatment as a source of identification is Abbring and van den Berg (2003) . Contrary to our nonparametric model, both the treatment process and the effect of the treatment on the outcome duration are modeled within the semiparametric MPH framework. Finally, our dynamic RD extension is related to the static RD approach in Hahn, Todd, and der Klaauw (2001) .
An additional contribution of our paper is to develop a theoretical framework for the analysis of noncompliance in a dynamic setting. Specifically, we propose how to test for endogenous noncompliance and how to measure the bias that would arise if endogeneity is ignored. Measuring selection bias can provide valuable insights into the reasons for the non-take-up of a policy reform and thus help improve policy design.
We use our approach to evaluate the French 2001 labor market policy reform Plan d'Aide au Retour à l'Emploi (PARE). This reform introduced a more generous unemployment benefits system, together with more stringent monitoring and training measures. Individuals who were unemployed at the moment of the reform could choose whether to stay in the old regime for the remaining duration of their spell or to enter the new regime immediately. Our results suggest that this policy increased the exit rate out of unemployment. Our findings are supported by an extensive empirical examination of the plausibility of the assumptions.
II. Econometric Framework

A. Treatment Effects
For illustrative purposes, we build our exposition on a labor market example. Suppose we observe a sample of n individuals who are searching for a job. Duflo et al., 2007) or can simply refuse to participate. Denote by S i the actual pretreatment duration, that is, the time individual i spends in unemployment until she receives the training. We focus on the case in which if the individual complies, the treatment must be taken immediately, and thus S i coincides with Z i , S i = Z i . If the individual refuses the treatment, she is never treated, which we normalize to S i = ∞.
We are interested in the effect of the job search training on unemployment duration. When defining a treatment effect of interest, two aspects are important endemic to the dynamic setting. First, the timing of the treatment S i might matter: job search training might have different effects on the (total or posttreatment) unemployment duration at different elapsed unemployment durations (Abbring & van den Berg, 2003) . We therefore allow the counterfactual outcome to depend on the pretreatment duration S i . In particular, for each s ∈ R + ∪ {∞}, denote by T i (s) the potential duration of unemployment if the treatment was received at an elapsed duration s. With this notation, we implicitly impose an exclusion restriction on Z i ,
Equation (1) prevents the assignment to treatment from directly affecting the outcome: Z i can influence the duration only through the actual pretreatment duration S i . This assumption is plausible in our setting since we restrict Z i and S i to realize simultaneously from the viewpoint of the unemployed. This is in contrast to the case in which the assignment to treatment realizes prior to the treatment. 4 The second aspect that differs from the static framework is that a simple comparison of treated and nontreated within the treatment definition window possibly leads to a bias. 5 In particular, if an individual finds a job prior to the treatment, S i will be censored by T i and therefore unobserved. Considering these individuals as nontreated effectively conditions on their future successful outcomes (Sianesi, 2004) . We therefore fol-low the approach chosen by much of the literature on dynamic treatment effects and condition on survival in unemployment up to treatment (Vikström, 2014; Sianesi, 2004) . 6 The main object of interest is the posttreatment duration of a particular group of compliers. We model compliance in this dynamic framework in the following way. For each z ∈ R + ∪ {∞}, denote by S i (z) the potential pretreatment duration of individual i if she was assigned to receive the treatment at z. Following the exposition above, S i (z) can be equal to either z or to ∞.
With these preliminaries, we define the treatment effect of interest as
where t and t be two fixed elapsed durations with t < t ; a is a positive number in (0, t − t]; X is an observed random vector of individual characteristics such as age, qualification, and experience; and V is an unobserved random variable that captures ex ante heterogeneity in terms of unobserved characteristics. We may refer to V as unobserved confounders.
In labor market register data such as our data, these may be noncognitive abilities such as the degree of intrinsic motivation. Both X and V are time constant and realized prior to the spell of unemployment. 7 The interpretation of equation (2) is as follows. Since t + a < t , all individuals assigned to be treated at t are not yet treated in [t, t + a). Thus, P{T (t ) ∈ [t, t + a) | T (t ) ≥ t, X, V, S(t ) = t} can be interpreted as the individual potential outcome of a nontreated individual who would remain unemployed under the treatment t at least until t. P{T (t ) ∈ [t, t + a) | T (t ) ≥ t, X, V, S(t ) = t} is the corresponding outcome of a treated at t individual. Thus,
is the additive individual treatment effect on the probability of leaving unemployment in [t, t + a) for an individual who is still unemployed at t. Expression (2) is an average of equation (3). The average is built with respect to the distribution of unobserved heterogeneity V among the treated survivors, F V |T (t )≥t,X,S(t )=t . 8 Proposition 1 in section III shows that under 6 Following the standard terminology in survival analysis, we refer to remaining in the state of interest (e.g., unemployment) as survival and to the corresponding individuals as survivors. 7 We suppress the index i for notational simplicity. 8 Note that equation (2) can be also written as certain assumptions, this is also the distribution of V among all survivors at t. Conditioning on S(t ) = t restricts the evaluation of the effect on the t-compliers-the individuals who would take the treatment at an elapsed duration t if it was assigned to them. Offering the treatment only once means that we allow for only one-sided noncompliance. With one-sided noncompliance, the set of treated compliers coincides with the full set of treated (at elapsed duration t). Therefore, equation (2) can be interpreted as a treatment effect on the treated.
By conditioning on survival up to treatment and focusing on the posttreatment outcome, equation (2) closely resembles the definition of a treatment effect in the dynamic impact evaluation literature. The novel aspect that our paper introduces is to explicitly allow for noncompliance. The stochastic process {S(t )} t≥0 is a generalization of the static compliance model in the LATE literature (Imbens & Angrist, 1994) . Equation (2) thus provides a natural link between the dynamic treatment evaluation literature and the static LATE. Remark 1. It is clear from definition (2) that the duration outcome T (s) can be replaced by an arbitrary posttreatment outcome Y (s). In fact, our identification strategy presented in the next section does not rely on the outcome being a duration variable. 9 Remark 2. For any two t, t , there is a variety of possible treatment effects, one for each a ∈ (0, t − t ). In addition, an evaluation of the total effect of a policy might involve averages over all t and t . Remark 3. An important special case of equation (2) is the limit case a → 0. It amounts to a treatment effect on the hazard function. We devote special attention to this case in the next section and in the appendix. Remark 4. The precise interpretation of equation (2) is less straightforward when the treatment is not instantaneous. As an example, long-term training measures induce a lock-in effect. One approach followed in the literature is to treat the lock-in effect as constituent of the total treatment effect (see Sianesi, 2004) . A second problem, however, is that the length of a noninstantaneous treatment might also matter. We therefore concentrate on instantaneous treatments, such as shortterm training, counseling, and other activating measures. In the context of the labor market example, such focus is not an important restriction, as there is a general trend in labor market policies toward short-term activation and reemployment ALMPs (Biewen et al., 2014) .
Remark 5. Expression (2) implies that we treat T (s) as a random variable even when we condition on all observed and unobserved characteristics X, V . By doing that, we follow the general approach in mixture duration models pioneered by Lancaster (1979) . The underlying assumption is that the randomness in T (s) comes from some intrinsic uncertainty in the transition, not observed and controlled by the individual. 10
B. Two Empirical Setups
We focus on two particular empirical setups.
Setup I: Comprehensive treatment. Consider a treatment that is comprehensive in the sense that it is assigned and potentially administered to all eligible individuals at a common point in calendar time ("treatment day"; see figure 1a ). The standard example here is a policy reform introduced via a change in legislation. A group of individuals who become unemployed at a common date is referred to as a cohort. In this setup, Z i is the length of the time spell between the date of inflow into unemployment of individual i and the treatment day. When t < t , we refer to the cohort {Z = t} (in short, the t−cohort) as the younger cohort and to the {Z = t } cohort as the older one. If an individual i from the t−cohort remains unemployed until the treatment day, then S i = t (enrollment into treatment) or S i = ∞. If the individual finds a job (or in general exits the labor market) prior to the treatment day, then S i is not observed. Empirical example I: In section VI, we evaluate the French unemployment policy reform PARE, which changed the payment structure of unemployment benefits and introduced ALMPs such as training. The new regime was effective from July 1, 2001 (comprehensive treatment assignment). Noncompliance was possible.
Setup II: Phased-in treatment. Consider a group of individuals who enter the state of interest simultaneously (a single cohort). Treatment is assigned at different elapsed durations for different individuals (see figure 1b ).
Empirical example IIa-Time variation in ALMPs: Often there is time variation in administering ALMPs accross individuals (Lalive, van Ours, & Zweimüller, 2005; Sianesi, 2004; Crepon et al., 2010; Abbring & van den Berg, 2003) . Time variation might be necessary due to budgetary or other administrative reasons. If a case worker is responsible for a large group of unemployed, then meetings and coaching sessions must be assigned at different dates and hence at different elapsed durations of unemployment Z i .
Empirical example IIb-Phased-in implementation of social programs and field experiments: Consider a social program characterized by a phased-in implementation: some units (regions or individuals) are assigned to be treated earlier and others later. Phased-in implementation might be necessary for similar reasons as in example IIa. Alternatively, a comprehensive program might be preceded by pilot studies introduced at varying times, which also gives rise to the setup described above. As an example, Blundell et al. (2004) utilize the presence of area-based pilot studies of the U.K. policy reform New Deal for Young People (NDYP) to identify its impact on unemployment. 11 An important subcategory is the phased-in (or pipeline, or rolled out) experimental design, in which the treatment is assigned at different times and the order is randomized. The seminal deworming study of Miguel and Kremer (2004) is the standard example here. Not-yettreated individuals are taken as a control group for already treated individuals. Below, we explicitly formalize the assumptions that are typically made in this literature.
III. Identification of Dynamic Treatment Effects
A. Assumptions
Consider the following assumptions. Assumption 1: Dynamic Noncompliance. For any t, it holds either S(t ) = t or S(t ) = +∞.
Assumption 1 defines the possible type of noncompliance. Agents are allowed only to choose between being treated at the assigned point in time and being never treated. It thus precludes the type of choices S(t ) = t for some t = t with 11 A further example for pilot studies is the implementation of the Progresa welfare reform in Mexico (Todd, 2007) . Another example for phased-in social programs is the study of the effect of titling land properties on labor market participation (Field, 2007) . t < ∞. However, it allows individuals to change their preferences over time in an arbitrary way. As an example, for t < t , individual i is allowed to choose S i (t ) = ∞ and S i (t ) = t . A noncomplier at t might be a complier at t . In the context of an ALMP, an unemployed worker's decision whether to participate in an offered training at a given time will depend on the worker's subjective probability of the prospects of getting a job without the training. An unsuccessful period of search might increase the readiness to participate as the individual gets more pessimistic.
Assumption 1 mimics the standard static noncompliance model, in which the treatment is offered only once (Heckman, LaLonde, & Smith, 1999) . At the same time, the process {S(t )} t∈R + ∪∞ extends the static concept of noncompliance by adding a time structure. For a given point in time t, assumption 1 corresponds to a one-sided noncompliance in the static treatment evaluation literature. One-sided noncompliance precludes the existence of always-takers and defiers. 12 As a result, no monotonicity-type assumption (as the one invoked in static LATE model) is needed for identification.
Examples I and IIa (continued): Assumption 1 is natural in the setup of the PARE reform, in which the treatment is administered at one single point in calendar time. Administrative and legislative rules prevent unemployed from enrolling in treatment earlier or later. In the context of the Swedish ALMPs, however, an assignment to treatment (Z ) by a case worker serves only as a recommendation. An unemployed is free to enroll in the treatment earlier or later, or never. Thus, S(t ) = t is possible for t < t and t > t, which violates assumption 1. Assumption 2: No Anticipation. Let T (s) be the integrated hazard of T (s). Then, for each real t ≥ t ≥ 0, it holds
Assumption 2 states that present potential outcomes are not influenced by future events. This can be seen more clearly in the following relationship:
Equality (5) is equivalent to assumption 2. It states that the individual survival probability up to some earlier time t remains the same under any potential future treatment times t , t (t ≤ t , t ). Conditioning on S(t ), S(t ) implies that assumption 2 is valid for the subgroups of compliers and noncompliers at t and t . In a setting with forward-looking individuals, this assumption is satisfied when the information structure is invariant to the potential assignment of the treatment. There are two major cases when the assumption can be viewed as plausible. The first case is when individuals have no knowledge on the point in time of treatment (i.e., they do not anticipate it). As an example, the assignment to ALMPs may occur without preliminary notice, so that the timing is unexpected to the unemployed. This is almost by definition true for some punitive treatments such as sanctions.
The second case is when individuals do not act on the knowledge of the time to treatment. As an example, the treatment might be so complex or the consequences so ambiguous that the resulting uncertainty deters the unemployed from adapting her behavior. In the context of the PARE reform (example I), the unemployed individuals were informed on short notice (two weeks) about the upcoming reform. The exact content and the start of the reform were subject to persistent political debate, so that its actual implementation came as a surprise.
• No anticipation in setup II. Assumption 2 is implicitly assumed in all experiments with a phased-in design (example IIb). A unit treated at t can be used at t, t < t , as a control for a unit treated at t only if the not-yet-treated unit does not anticipate the treatment at t . Violation of this assumption is considered to be one major potential flaw in the evaluation of phased-in treatments (Duflo et al., 2007) . Note that phased-in experiments are typically evaluated in a static framework. The no-anticipation assumption is hidden in the randomization assumption. In a dynamic framework, however, (initial) randomization is not sufficient since evaluation typically conditions on survival. Due to dynamic selection, the composition in the different treatment arms might change differently. Here, assumption 2 is sufficient to complement a static randomization assumption. We establish the link explicitly in the next section.
• No anticipation in setup I. Assumption 2 has a subtle additional implication in setup I. Because the spells of treatment and control cohorts begin at different calendar dates, an elapsed duration of t time units is also reached at different dates. Thus, expression (4) not only requires that individuals do not anticipate the (date of the) treatment, but also that the economic conditions of treatment and control cohorts are identical. This requirement can be seen as a stationarity requirement on the data generation process (no cohort effects). As an example, if the local labor market conditions change substantially between two cohorts, then assumption 2 would be violated even if individuals do not anticipate the treatment.
• No anticipation in the dynamic literature. In the context of ALMPs, the no-anticipation assumption has been adopted throughout the theoretical and empirical literature on dynamic treatment effects (Sianesi, 2004; Vikström, 2014; Abbring & van den Berg, 2003) . Much of this literature is surveyed in Crepon et al. (2010) .
• No anticipation in the static evaluation literature. Assumption 2 is often implicitly assumed in static evaluation approaches. One example is the phased-in experimental design discussed above. Another example is the DiD approach. Anticipation effects potentially undermine the parallel trends assumption (see Lalive, 2008 , for an application in a labor market context). A third example is the synthetic control approach, where assumption 2 is an implicit component of the conditional independence assumption. Assumption 3: Randomization. It holds that
Assumption 3 is a randomization assumption. In the context of setup II, assumption 3i postulates that assignment to treatment (Z) is independent of potential outcomes conditional on observed and unobserved covariates. Since X and V are assumed to fully describe an individual, this is an innocuous assumption. The major component of this is assumption 3ii. It states that the instrument Z is independent of unobservables conditionally on observables. It holds the following implication:
Thus, under assumption 3, assignment of Z is driven by X . Example IIa (continued): Suppose that a case worker is responsible for a large pool of unemployed individuals. Then it can be argued that she acts idiosyncratically given (objective) characteristics of the unemployed and her own assessment of the unemployed. 13 In such cases, assumption 3 is valid if both the objective characteristics and the case worker's assessment are also available to the econometrician. As a further example, consider randomized phased-in experiments. Assumption 3 is valid per design construction. In the case of phased-in implementation of social programs, this assumption holds whenever the early or late recipients are randomly selected. In setup I, the plausibility of assumption 3 hinges on the stability of the economic environment: it requires identical economic environments at the dates of inflow of young and old cohorts. The relation to assumption 3 in setup II is best explained with a thought experiment, which features individuals randomly assigned to different cohorts. Differences in the structural economic parameters of treated versus nontreated cohorts (cohort effects) violate assumption 3. Such differences can be caused by, for example, mass layoffs and macroeconomic trends. Assumption 4: Consistency. For all t, s ∈ R + {+∞}:
The consistency assumption states that a potential outcome corresponding to a given treatment is observed if the treatment is actually assigned. Another way to write it is T = T (S), S = S(Z ). This is a standard assumption in the treatment evaluation literature. It provides the link between potential outcomes and observables. Assumptions 1 and 4 imply together that the actual elapsed duration at which the treatment is received, S, can be either equal to Z or to ∞. In addition to assumptions 1 to 4, we implicitly assume that all expressions below exist. This amounts to common support assumptions such as 0 < P(S = t | X, V, Z = t ). These assumptions are fulfilled, for example, when S and Z are discrete, but it is sufficient that S and Z have a positive probability mass on t and t . Whether discrete Z and S impose a restriction on the distribution of T depends on the concrete application. In the medical treatment example, a specific therapy might be assigned only at predetermined, commonfor-everybody, elapsed-time intervals of the disease, whereas the life or disease duration itself is a continuous variable. In the labor market example, the administrative duration of unemployment is always discrete. Nevertheless, it is usually modeled in the literature as a continuous variable, especially when it is measured daily. Labor market treatments such as training and counseling measures or financial penalties might be designed to come into force only at coarser time intervals. Therefore, it might be practical to model them as discrete variables.
Remark 6: Potential Biases in Setup I. 14 Denote the calendar date of treatment in setup I with day 0. Consider cohorts Z = t and Z = t , which enter unemployment at dates −t and −t , respectively, with t < t . From the discussion of assumptions 2 and 3, nonstationary economic environment emerges as a possible source of bias in setup I. We distinguish between two cases. In case 1, the economic environment is stationary up to date 0, and there is a structural change after 0. This can be the case, for example, when other economic policies are implemented at 0 alongside the ALMP of interest. One approach to isolate the effect of the ALMP of interest would be to consider the limit case a → 0. The validity of this approach would hinge on the assumption that the change in the economic environment at or after 0 has no instantaneous effect on the unemployment duration. In this case, our main identification strategy, described in section IIIB, would yield an unbiased estimator of the treatment effect on the hazard. In case 2, the general case of different economic conditions, the hazard approach is not sufficient. One approach would be to consider the limit case t → t+, where the + sign indicates convergence from the right. The intuition of this approach is that individuals who enter unemployment at two points in time that are very close are basically evaluated in the same economic environment. This strategy will lead to an RD-type estimator (see section IIIC). A drawback of both approaches (cases 1 and 2) is the limitation of the set of treatment effects we can evaluate. In both cases, we restrict the window a to be very short. 15 This drawback is closely related to the critique of the phased-in design experiments, in which eval-14 This remark and the resulting RD analysis in section IIIC result from a hint by an anonymous referee, for which we are thankful. 15 In the second case, a → 0 is implied by a ≤ t − t.
uation of long-term effects is in general not possible (Duflo et al., 2007) .
B. Identification Results
Assume first that T is observable. Consider expression (2). The main challenge is to find a control group for those who survived until t and were treated at t. In particular, T (t ) and S(t ) are never jointly observed. They correspond to different treatments (t and t). Thus, one of the outcomes, T (t ), S(t ), is always counterfactual. To motivate our identification strategy, consider the following naive candidates for a treatment effect:
for t > t. For simplicity, we set the discussion in the context of setup I. Writing equation 8 in the form
makes it clear that equation (8) compares averages over two different subgroups of the same cohort: the t-compliers and the t-noncompliers. Since S is a choice variable, it holds in general that
Thus, equation (8) captures not only the treatment effect but also the selection bias. The unsurprising implication is that noncompliers are not suitable as a control group. Expression (9) compares the average outcome at elapsed duration t of the t-compliers from the younger cohort {Z = t} with the average outcome (at the same duration) of the t -compliers from the older cohort {Z = t }. In general, however, F V |T ≥t,S=t,Z=t = F V |T ≥t,S=t ,Z=t due to dynamic selection. This follows because some unemployed might find a job between elapsed durations t and t , while others might change their preferences. As a result, learning the compliance status at t is also not helpful for constructing a control group. The above considerations apply equivalently for setup II.
Instead, our strategy combines the approach of the dynamic treatment effects literature with the static LATE approach. Thus, identification consists of two steps: a dynamic and a static one. Our dynamic step, presented in the next 
To interpret proposition 2, consider example I. Assume that we observe two cohorts, t and t , of unemployed individuals with dates of inflow −t = −6 and −t = −9 (0 is set to be equal to 01.07.2001, the day of the implementation of the reform). The first equality in equation (11) states that under assumptions 1 to 4, individuals in cohort t who have been unemployed for at least six months and are willing to take the treatment have the same distribution of V as individuals in cohort t who also have been unemployed for at least six months and are willing to take the treatment. The second equality of equation (11) links potential to observed conditions. Equation (12) provides an equivalent result for the group of t-noncompliers. Note that an implication of proposition 2 is that the treatment effects on the treated survivors, {T (t ) ≥ t}, and on the untreated survivors, {T (t ) ≥ t}, and hence on all survivors, coincide.
The intuition behind proposition 2 is the following. If the unobserved heterogeneity V has the same distribution in the two cohorts at the point in time of inflow (conditional on X ) and if these distributions evolve over time in the same way, then V will have the same distribution in the two cohorts at a later pretreatment elapsed duration t > 0 (see the dotted lines in figures 2a and 2b) . The equality of the distributions of V at t = 0 is ensured by the randomization assumption 3. The dynamics is controlled by the "no anticipation" assumption 2. The interpretation and intuition for setup II are equivalent with cohorts replaced by groups of individuals who are assigned to the treatment at different dates. 16 All proofs are in the online appendix.
To motivate the second step of our approach (the static step), consider the following corollary of proposition 2.
Corollary 1. Let a ≤ t − t. Under assumptions 1 to 4, it holds for all
The right-hand-side of equation (13) does not contain the unobserved V . Thus, if the compliance status (S(t )) was observed, the treatment effect could be calculated by comparing the average outcome of compliers from the treated group {Z = t}, denoted by F 1,C , with the average outcome of compliers from the not-yet-treated group, {Z = t }, denoted by F 0,C . For the subgroup {Z = t}, S(t ) is observed at elapsed duration t. Therefore, F 1,C is identified. For the not-yet-treated {Z = t }, however, S(t ) is unobserved.
Our static step is as follows. Consider the average potential outcome of all nontreated survivors, F 0 = P(T (t ) ∈ [t, t + a) | T (t ) ≥ t ), where the dependence on X is suppressed.
The key to identification is the decomposition of F 0
where F 0,N is the average outcome for noncompliers in the untreated group, and P 0,C and P 0,N are the proportions of compliers and noncompliers in that group, respectively (all at elapsed duration t). Figures 2a and 2b illustrate the idea. Solving equation (14) for F 0,C yields F 0,C = (F 0 − F 0,N P 0,N )/P 0,C . Hence, in order to identify F 0,C , it is sufficient to identify F 0 , P 0,C , P 0,N , and F 0,N . We can directly link F 0 to observable outcomes at elapsed duration t; it is equal to the average observed outcome at t of the whole not-yettreated group, P(T ∈ [t, t + a) | T ≥ t, Z = t ). Thus, F 0 is identified. In addition, under assumptions 1 to 4, we can identify P 0,C , P 0,N , and F 0,N from the treated group. In particular, due to randomization and no-anticipation, all pretreatment characteristics of the two groups have equal distributions at elapsed duration t. It holds therefore that P 0,C = P 1,C , P 0,N = P 1,N , and F 0,N = F 1,N . The intuition for the last equality is that in both groups, noncompliers are not treated. The exclusion restriction, equation (1), ensures that the assignment to treatment alone does not change their outcomes. With these considerations, we can state our main identification result: Proposition 2. Let a ≤ t − t. Under assumptions 1 to 4, the treatment effect on the treated TE (t, t , a) is nonparametrically identified for all ∞ ≥ t ≥ t ≥ 0 and it holds that
Expression (15) has an intuitive interpretation. It adjusts the difference between the average observed outcomes in the two groups by the probability of being a complier. The adjustment takes account of the fact that any difference between the outcomes of the two groups can be caused only by the compliers. Our result is related to the static one-sided noncompliance result of Bloom (1984) and the LATE identification result in Imbens and Angrist (1994) . Identification is local in the sense that the treatment effect is identified only for the subgroup of t-compliers. As this group is allowed to change with t, our notion of location can be seen as a dynamic extension of the LATE notion of location.
We now consider the case of right-censoring. In a labor market context, right-censoring typically arises when, at the end of the period of observation, some individuals are still unemployed, so their unemployment spells have an unknown length. Censoring occurs also when unemployment is interrupted by a transition out of the labor force due to maternity, sickness, or military service, or simply when individuals do not show up to report about their status (attrition). With a small abuse of notation, let C ≥ 0 be the censoring r.v. Define T = min{T, C} and δ = 1{ T = T }. We observe ( T , δ) and, not directly, (T, C). It is not possible to recover nonparametrically the joint distribution of T and C from the distribution of ( T , δ) without additional assumptions (see Tsiatis, 1975) . We adopt the following additional standard assumption: Assumption 5: Random censoring. C ⊥ ⊥ (T, S) | X, Z.
It holds the following proposition. Proposition 3. Under assumptions 1 to 5, TE(t,a) is identified. Remark 7. Identification of a treatment effect on the hazard (HTE ) requires only mild additional regularity assumption and is left for the online appendix. Remark 8. Under assumptions 1 to 4, we have P(T ∈ [t, t + a) | T ≥ t, X, Z = t ) = P(T ∈ [t, t + a) | T ≥ t, X, Z = t ) for all t , t ≥ t + a (in the limit case a → 0 simply for t , t > t). As a consequence, the treatment effect does not depend on the choice of the nontreated cohort t as long as t ≥ t + a (or t > t). Therefore, we omit the dependence on t and write TE (t, a) and HTE (t ).
C. Identification in a Regression Discontinuity Setup
In this section, we outline an identification approach that mitigates the problems related to setup I discussed in remark 6. 17 The intuition is that if t is sufficiently close to t, t < t , then treatment and control cohorts are practically evaluated in the same economic environment. This consideration leads to the following modifications of assumptions 2 and 3:
Assumption 3'. Denote by F T (s),S(z)|Z,X,V and F V |Z,X the corresponding conditional distributions. Then there exist a positive number η, such that for all t in the η-neighborhood of t and for all positive (s, z)
Assumptions 2' and 3' are local versions of assumptions 2 and 3, respectively. Note that assumption 2' is almost trivially fulfilled in both empirical setups. In particular, even if an individual has perfect knowledge of the assigned treatment (t or t ), the effect of this knowledge under t and t will be the same when t → t+.
Let θ(. | X, Z ) be the conditional hazard function of T and assume the mild regularity condition HTE1 (see section A in the appendix for a formal definition of the hazard and for assumption HTE1). The following proposition can now be stated.
Proposition 4. Assume that lim t →t+ θ(t | X, Z = t ) exists. Then, under assumptions 1, 2', 3', 4, and 5 and HTE1 , the treatment effect on the hazard at t is identified and equal to RD 
Equation (16) is related to the static regression discontinuity (RD) identification result in Hahn et al. (2001) . Z can be seen as a forcing variable with a discontinuity at t. Assumption 3' is related to the conditional independence assumption made in Theorem 2 in Hahn et al. (2001) . Assumption 2', however, is new and needed to account for dynamic selection. Thus, an estimator of the treatment effect based on assumptions 2' and 3' and result (16) can be interpreted as a dynamic RD estimator.
A practical problem of this approach is that the finite sample performance of the estimator might lack precision due to a lack of observations near the boundary. In addition, if the treatment effect does not substantiate instantaneously, it will not be detected by the estimator. 
IV. Estimation
In this section, we develop an estimator for TE (t, a). An estimator for the treatment effect on the hazard follows van den Berg et al. (2014) and is presented in section A.2 in the appendix. For simplicity of exposition, we ignore the dependence on covariates. All results that follow generalize in a straightforward way to the case with covariates. One simply uses the conditional Kaplan-Meier estimator of Gonzalez-Manteiga and Cadarso-Suarez (2007) instead of its unconditional counterpart.
Let t < t . DefineF 1 (t ) = P{T > t | Z = t},F 2 (t ) = P{T > t | Z = t }, and p = P{S = t | T ≥ t, Z = t}. The former two are observed survival probabilities and the latter is the compliance probability. Under assumptions 1 to 4, TE (t, a) can be written as
Furthermore, we allow T to be right-censored, and we assume that we have access to i.i.d. observations (T i , δ i , S i , Z i ), i = 1, . . . , n. Denote by F j the nonparametric Kaplan-Meier estimator ofF j , j = 1, 2. Consider the following high-level assumptions:
where σ 2 j (t ) is the asymptotic variance of the Kaplan-Meier estimator, t ∈ [0, ∞) (see Kalbfleisch & Prentice, 2002) . These conditions follow from mild regularity conditions that can be found in standard references for survival analysis (see Andersen et al., 1997 , or Kalbfleisch & Prentice, 2002 . We do not state them explicitly. Finally, let p be a consistent nonparametric estimator of p. With those preliminaries, we define the IV estimator TE (t, a) of TE (t, a) as
Equation (20) can be interpreted as a dynamic version of a Wald estimator. Its consistency is stated in the following proposition.
Proposition 5. Suppose equation (18) holds. Then under assumptions 1 to 5, it holds that TE (t, a) − TE (t, a) = o p (1).
The following proposition states the asymptotic distribution of the estimator. Proposition 6. Let assumptions 1 to 5 and condition (19) hold. Then it holds
where σ i (t, t + a) is the covariance of F i (t ) and F i (t + a).
Confidence bands can be constructed by replacing the unknown terms in the variance with consistent estimates, for example using the Greenwoods' formula (Andersen et al., 1997) . It follows from equation (21) that the precision of the estimator is inversely related to p. The bigger the compliance probability p (i.e., the stronger the instrument Z), the smaller the variance.
V. Model Diagnostics
A. Testing the Assumptions
We suggest two testing approaches to address the main assumptions, 2 and 3.
The first approach parallels model diagnostics in a DiD context and focuses on pretreatment outcomes. Empirical tests for equality of pretreatment survival probabilities are applied by De Giorgi (2005) and van den Berg et al. (2014) . In this section, we give a theoretical justification for these tests. Let s ≤ t < t . Under assumptions 1 and 2, assumptions 2 and 3 jointly imply
In words, observed survival probabilities are equal in the treated and nontreated groups at any common elapsed pretreatment duration. Adopting assumptions 1 and 4 as fundamental assumptions, equality (22) can be used to test for no anticipation and randomization. This is captured in the following proposition (dependency on X is ignored).
Proposition 7. Let assumptions 1, 4, and 5 and condition (19) hold. Then, under the null hypothesis H 0 : assumption 2 ∪ assumption 3, it holds that √ N ( F 1 (t ) − F 2 (t )) a ∼ N(0, 2σ 2 (t )).
The second approach is to adopt the weaker assumptions, 2' and 3' (together with assumptions 1, 4, and 5) as fundamental and use equation (16) in a DiD setup. Let s > t. Then under assumption 2 and 3, the expression is equal to 0. A test statistic can be constructed along the lines of section A.2 in the appendix.
B. Framework for the Analysis of Endogeneity
A comprehensive policy reform is often preceded by a small-scale pilot study that allows for noncompliance (Todd, 2007) . Understanding the non-take-up of the pilot study might help better design the reform and derive bounds for its effect under perfect compliance. The motivation of our analysis is that the individuals might select into treatment based on potential outcomes (Heckman, 2008) . Therefore, one approach to analyze noncompliance is to test for equality of potential outcomes. In particular, for some t < t , we are interested in testing
where we used the simplified notation from section IIIB. It follows from assumption 1 that F 1,N is not identified: t−noncompliers are never observed under the treatment t. As a result, hypothesis (25ii) is not testable. We therefore focus on hypothesis (25i). It follows from relation (14) that hypothesis (25i) is equivalent to F 0 = F 0,N . In particular, if compliers and noncompliers have equal (average) potential outcome distributions, then the outcome distribution of the whole population under no treatment is equal to the outcome distribution of the noncompliers under no treatment. Furthermore, we showed in section IIIB that F 0 and F 0,N are identified under assumptions 1 to 4, with
These considerations lead to the testable hypothesis D = 0, where
D is the difference of the observed outcome distributions of the not-yet-treated and the noncompliers from the treated group. The test statistic is constructed along the lines of section IV. 18 The bias that arises from an endogenous non-take-up can be measured as the difference between the true treatment effect (15), TE = F 1,C − F 0,C , and the naive candidate (8) (for short, NTE ), NTE = F 1,C − F 1,N (dependence on t and a is suppressed). Define B = TE − NTE . Substituting F 0,C = (F 0 − F 0,N P N )/P C and F 0,N = F 1,N yields B = (F 0,N − F 0 )/P C = D/P C . An empirical analysis of the bias 18 A simplified testing procedure would induce a comparison of unconditional survival functions. The corresponding null hypothesis is (26) from endogenous selection can be performed with an estimator of B.
VI. Empirical Application: The French PARE Labor Market Reform in 2001
In this section, we illustrate our methods in the context of the French labor market reform Plan d'Aide au Retour à l'Emploi-PARE for short (see example I). 19 Under the old system (prior to July 1, 2001), the amount of individual unemployment benefits (UB) is a stepwise decreasing function of time. Under the new regime (after July 1, 2001), the UB are constant over the whole payment period of an eligible individual. In addition, the reform introduces a range of ALMPs such as compulsory meetings with a case worker and job search training. 20 The more generous UB rules and the new ALMPs have potentially opposite effects on the duration of unemployment. Thus, it is not clear what the overall effect of the policy will be.
A distinct feature of the reform is that interrupted spellsindividuals who became unemployed prior to July 1 and were still unemployed on that day-could choose between the old and the new regulations. New spells (whose inflow is after July 1, 2001) were automatically assigned to the new system.
We evaluate the effect of the reform on the duration of unemployment for those who have been unemployed for at least t = 6 months. 21 
where t > 6 and a < t − t. 22 The estimated treatment effect is presented in figure 3a for the choice t = 9 months of the control group and different values of a ∈ [0, 90) (t − t = 3 months = 90 days). The es-timateT E (6, a) is represented by a thick line, and the 95% confidence bounds are represented by dotted lines. The effect is positive and increasing with a, and for a ≥ 37 it is also significant. According to our estimates, the probability of finding a job within the first three months after receiving the treatment increased with up to 0.2 compared to the counterfactual case, where the treated would not have received the treatment. In section B.2 in the appendix, we present results for different subgroups in order to analyze potential treatment effect heterogeneity. The estimates for the subgroups 19 Some studies that evaluate the French unemployment insurance system are Fougère, Kamionka, and Prieto (2010) ; Debauche and Jugnot (2007) ; Crépon, Ferracci, and Fougère (2012) ; Crépon, Dejemeppe, and Gurgand (2005) ; and Le Barbanchon (2012) . 20 A comprehensive description of the reform in Freyssinet (2002) . 21 We describe the data set and our empirical strategy (and, in particular, the motivation behind our choice of the treated cohort) in section B.1 in the appendix. 22 We use corollary 1 here to simplify the expression for the treatment effect. of white-and blue-collar workers and for the subgroups of unemployed with higher and lower education status follow a pattern very similar to the pattern of the unconditional estimates.
Next, we perform thorough model diagnostics. First, chisquare tests for equality of distributions reveal that pretreatment observed characteristics are balanced between the treatment and control groups (see appendix B.3.1). Second, we also provide evidence that the economic conditions at the inflow of the two cohorts were very similar (also in appendix B.3.1). These findings support the plausibility of assumption 3 and, in particular, that the estimates are not undermined by cohort effects. Third, we estimate the TE with an alternative choice of the control cohort (t = 8 months). The estimation results are very similar to the main results (see figure 3 in the appendix). This is further evidence that there were no cohort effects. In section B.3.2, we provide arguments that the reform was not anticipated by the unemployed due to the relatively short notice and lack of (clear) political debate. Fourth, we test for equality of pretreatment survival functions along the lines of section VA. The estimated difference of the survival functions of treatment and control groups is depicted in figure 3b with a thick line. The 0 axis is fully contained within the 95% confidence bounds. Therefore, we cannot reject the joint hypothesis (assumptions 2 and 3).
Finally, we analyze the non-take-up of the reform (noncompliance) along the lines of section VB. To do so, we compare the IV estimateT E (6, a) with an estimate of the NTE, equation (8) (see the dashed line in figure 3a ). At all points at which the TE is positive, the estimated NTE is smaller than the corresponding estimated TE. The difference is significant at the 95% level.
Based on these findings, the following conclusions can be drawn. First, the policy reform increased the transition rate out of unemployment. Economically, our finding contributes to a better understanding of the relative response of individuals to monetary versus nonmonetary incentives. Second, ignoring endogeneity that arises from noncompliance leads to a negative bias in the estimates. The main implication here is that there are many good risks among the noncompliers. Thus, it is plausible to conclude that the non-take-up of the reform is driven by individuals who expect to find a job soon. This finding supports the non-take-up analysis by Blasco (2009 
